Previously we introduced the Uniform Cram&-Rao (CR) Bound as a lower bound on the variance of biased estimators, along with the concept of the delta-sigma tradeoff curve. For an estimator whose variance lies on this curve, lower variance can only be achieved at the price of increased estimator bias gradient norm, and vice versa.
I. INTRODUCTION
We previously introduced a method for specifying a lower bound on the variance of biased estimators using the Uniform CramCr-Rao (CR) Bound, along with the concept of the deltasigma tradeoff curve [ 11. For an estimator whose variance lies on this curve, lower estimator variance can only be achieved at the price of an increased estimator bias gradient norm, and vice versa.
The Uniform CR Bound has been used to calculate fundamental limits in estimator performance in medical imaging [Z-31, comparing the performance of different medical imaging modalities [4] , among other applications.
In [I] , we showed that a) the estimator bias gradient norm is an upper bound on the maximal squared variation of the estimator bias function over an ellipsoidal neighborhood, and b) equivalent to the difference between the estimator mean response to a point source, and the true response. Thus, the norm of the estimator bias gradient would seem to be a natural measure of estimator bias.
One problem with using bias gradient norm when comparing the variance of different estimators and/or systems is that different estimator point response functions can have identical bias-gradicnt norm but widely different resolution
properties. This has lead to interpretation difficulties and counter-intuilivc results when using the Uniform CR Bound in imaging system performance studieij. In this paper, we will introducc a fundamental tradeoff relationship between bias, resolution, and variance for single pixel estimation. Along with the estimator bias gradient norm, we now introduce the 2"d-moment of the estimator point response function as a resolution measure. A Uniform CR Bound will be derived for the variance of single-pixel estimators as a function of both the estimator bias gradient norm and 2nd-moment of the point response function. The concept of tradeoffs in estimator variance now include both overall bias error (as measured by the bias gradient norm) along with resolution error (as measured by the 2nd-moment of the estimator point response function). The surface parameterized by bias gradient norm and 2nd-moment specifies an "unachievable region" of estimator variance. For estimators that lie on this surface, lower variance can only be achieved at the price of increased bias gradient norm and/or decreased estimator resolution as measured by the 2nd-moment of the estimator point response.
DEFINITIONS

A. Statistical Model
Let e =[e,, ..., 6,,l E 0 be a vector of unknown, nonrandom parameters that parameterize the density fr (@) 
E^]
when the input is a point source.
B. Overall Bias and Resolution Measures
We will define the bias gradient norm 6 with respect to a positive definite matrix c , and the point response 2"d-moment
Since the mean-response gradient is the sum of the true point-response and bias-gradient, Equation #2 can be rewritten as the ratio of two quadratic forms, 
C. CR Bound for Biased Estimators
III. UNIFORM CR-BOUND
In order to have a bound on estimator variance that does not depend on the specific bias gradient Vb, , the Uniform CR Bound presented in [I] gave a lower bound to equation (5) subject to a constraint on the bias-gradient length or norm IVb,I, = Vb,TCVb,, where C is a positive-definite matrix.
We note that the estimator mean response to a point source E Q E ] is equivalent to the gradient of the mean estimator response vm,, and that vm, = g,, + Vb,. We will now add an additional constraint on the estimator bias gradient.
Since Vm, is equivalent to EB Q , and Vm, = g,, + Vb,, a constraint on the 2"d-moment of the estimator response to a point source can be expressed as an additional constraint on Vb,. 2 
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A. UCRB with Bias Gradient and Resolution Constraints
Here we present a Uniform CR Bound for biased estimators with a given bias-gradient length 6 and 2""-moment measure 3 for a non-singular Fisher Information matrix 5 . 
and A,, 4 2 0 are lagrange multipliers found implicitly through the two equality constraints IV. RESULTS
A. Linear Gaussian Model
We generated a delta-gamma-sigma surface the show the lower bound of a single pixel estimator for a I D deconvolution problem.
The measurement equation is 
